The Arctic freshwater budget is critical for understanding the climate in the northern regions. However, the hydrology of the Arctic circumpolar tundra region (ACTR) and the largest pan-Arctic rivers are still not well understood. In this paper, we analyze the spatiotemporal variations in the terrestrial water storage (TWS) of the ACTR and three of the largest pan-Arctic river basins (Lena, Mackenzie, Yukon). To do this, we utilize monthly Gravity Recovery and Climate Experiment (GRACE) data from 2002 to 2016. Together with global land reanalysis, and river runoff data, we identify declining TWS trends throughout the ACTR that we attribute largely to increasing evapotranspiration driven by increasing summer air temperatures. In terms of regional changes, large and significant negative trends in TWS are observed mainly over the North American continent. At basin scale, we show that, in the Lena River basin, the autumnal TWS signal persists until the spring of the following year, while in the Mackenzie River basin, the TWS level in the autumn and winter has no significant impact on the following year. As expected global warming is expected to be particularly significant in the northern regions, our results are important for understanding future TWS trends, with possible further decline.
Introduction
The greatest contribution of freshwater into the Arctic Ocean (approximately 40%) comes from terrestrial rivers, including large ones such as the Lena, Ob, Yenisey, Yukon and Mackenzie Rivers [1] . This inflow greatly influences the Arctic ocean circulation, winter sea ice cover, and boreal climates [1] . Global warming is expected to be particularly significant in the Arctic regions [2] . One indicator of Figure 1a shows a vegetation map. The red-colored area denotes the Arctic circumpolar tundra region (ACTR), which we defined using GLDAS and vegetation data obtained from the 1° GLDAS2/Noah Dominant Vegetation Type datasets (https://ldas.gsfc.nasa.gov/gldas/GLDASvegetation.php) using the NOAHv3.3 vegetation dataset from GLDAS2. In GLDAS, tundra regions are divided into three distinct types: bare ground tundra, mixed tundra and wooded tundra. However, bare ground tundra did not exist in the datasets. In this study, we only present data for wooded tundra to avoid the uncertainties associated with identifying mixed tundra along the narrow coastal areas of the Arctic Ocean, where it is difficult to distinguish between the ocean and land due to the coarse spatial resolution of GRACE data. In addition, we exclude from our analysis the areas in the ACTR that are within 300 km of glaciers and ice sheets (the masked-out areas in Figure 1a ) to remove the effects of glacial and ice sheet melt on TWS anomalies. Therefore, in our analysis, the ACTR is delineated by the regions represented in red in Figure 1a . We, therefore, obtained a land area of approximately 5,527,630 km 2 for the ACTR. We calculated the distribution of permafrost throughout the ACTR based on the data obtained from the National Snow and Ice Data Center (NSIDC) website [16] . Approximately 83% of the ACTR is covered by continuous permafrost, while the rest is covered by discontinuous or sporadic permafrost ( Figure 1c) .
To understand the effects of river runoff on TWS anomalies on a basin-wide scale, we conducted an analysis of large pan-Arctic rivers at the basin scale. Long-term river runoff data are limited for large pan-Arctic river basins; however, sufficient data exist for three large catchments ( Figure 1b) and Table 1 ) that are suitable for a basin-scale analysis of the long-term trends in river runoff and TWS between 2002 and 2016. In terms of the whole basin-scale analysis, although we also excluded mixed tundra regions from the analysis (such an area was less than 1% within each basin area, and was We calculated the distribution of permafrost throughout the ACTR based on the data obtained from the National Snow and Ice Data Center (NSIDC) website [16] . Approximately 83% of the ACTR is covered by continuous permafrost, while the rest is covered by discontinuous or sporadic permafrost ( Figure 1c) .
To understand the effects of river runoff on TWS anomalies on a basin-wide scale, we conducted an analysis of large pan-Arctic rivers at the basin scale. Long-term river runoff data are limited for large pan-Arctic river basins; however, sufficient data exist for three large catchments ( Figure 1b and Table 1 ) that are suitable for a basin-scale analysis of the long-term trends in river runoff and TWS between 2002 and 2016. In terms of the whole basin-scale analysis, although we also excluded mixed tundra regions from the analysis (such an area was less than 1% within each basin area, and was Remote Sens. 2018, 10, 402 4 of 20 therefore, negligible). we included mixed tundra, forests, and shrublands in the basin-scale analysis. The first catchment is the Lena River basin in eastern Siberia in the Russian Federation, which has an approximate area of 2430 × 10 3 km 2 , comprised largely of continuous permafrost (71%). The second is the Yukon River basin in Alaska, which has an area of 850 × 10 3 km 2 ; it is underlain by both continuous permafrost (23.2%) and discontinuous permafrost (74.7%). The third catchment is the Mackenzie River basin in northern Canada, which covers an area of 1790 × 10 3 km 2 , 20.0% of which is underlain by continuous permafrost and 39.2% is underlain by discontinuous permafrost. These three basins are primarily covered by forests. In the Lena River basin, shrublands cover nearly 30% of the basin. Here, we did not apply any interpolation to cover the periods with no data. In our analysis, we used the ensemble mean of the three GRACE datasets (i.e., a simple arithmetic mean of the CSR, JPL, and GFZ datasets) as recommended by Sakumura et al. [17] and the official GRACE Science Data System. In doing so, we were able to reduce random errors and enhance common signatures included within each GRACE dataset.
The GRACE data used in this study express the Earth's gravity field in the form of spherical harmonic coefficients (Stokes coefficients). These Stokes coefficients are estimated up to a degree and order of 60 or 96 depending on the analysis center and the observation period. Here, we truncated the Stokes coefficients at a degree and order of 60 (corresponding to a spatial resolution of~300 km) because higher-frequency coefficients are especially contaminated by short wavelength noise from temporal aliasing errors [18] . In addition, we used filtering techniques to further reduce the sources of short wavelength noise. We applied a Gaussian filter with a radius of 240 km.
Since GRACE measurements are less sensitive to the global-scale components of the Earth's gravity field, in particular, the degree-1 and zonal degree-2 components, which represent the geocentric motion and the Earth's dynamic oblateness, respectively, it is common practice to complement these components with other space geodetic techniques or model estimates. Here, we used the degree-1 coefficients estimated by combining GRACE data with an ocean model [19] and the zonal degree-2 coefficients measured via satellite laser ranging (SLR) [20] . Subsequently, we converted the GRACE data into surface mass variations using the methods presented in [18] . A degree-1 load Love number (k 1 ) of 0.021 was then used to convert the GRACE reference frame (the center of mass) into the center of the figure frame to make the data consistent with the GLDAS data [19] . Atmospheric and oceanic mass variations were removed during the processing of the original GRACE data. We also corrected the data for the effects of glacial isostatic adjustments, which contribute less than 2% to the GRACE Remote Sens. 2018, 10, 402 5 of 20 signal within the region of interest [21] , using the model proposed by Geruo et al. [22] . The long-term averages of the Stokes coefficients were removed from the monthly solutions to provide the surface mass variations, which represent the TWS anomalies relative to the static field. Hereafter, we refer to these TWS anomalies as TWS, which includes surface and subsurface water masses.
Here, we obtained the estimation errors of the GRACE linear EWT (Equivalent Water Thickness) trend by computing the room-sum-square value of the ordinary least squares (OLS) standard errors and the GRACE standard errors. The OLS standard errors were computed by assuming a regression model with linear and seasonal components. The GRACE standard errors were obtained by propagating the GRACE ETW errors [23] with the OLS estimator of a linear component [24] . According to our error analysis, the data are accurate within +/− 0.9 mm y −1 .
Reanalysis Data
Global Land Data Assimilation System v1 (GLDAS1) products and newly produced reanalysis data from GLDAS v2 (GLDAS2) have been widely and effectively used to understand the temporal and spatial variabilities of TWS anomalies. Recently, Wang et al. [25] studied three Chinese river basins using estimates based on TWS data from the Gravity Recovery and Climate Experiment (GRACE) and GLDAS to compare products based on GLDAS1 and GLDAS2. They showed that bias corrections in the precipitation data based on the latter greatly reduced the biases relative to that based on the former. However, they also noted that the latter had larger mean absolute errors. Thus, it is important to assess the availabilities of products based on GLDAS1 and GLDAS2 for the Arctic tundra and pan-Arctic river basins in order to investigate better products with which to analyze TWS anomalies in the regions.
The GLDAS1 and GLDAS2 products [26] are used to calculate TWS anomalies and assess TWS estimates from GRACE data. In this study, to examine the uncertainty in the GLDAS1 products, we use a multi-model ensemble of GLDAS1 data consisting of four different land surface models: (1) the Noah land surface model (Noah) [27] , (2) the Community Land Model (CLM) [28] , (3) the variable infiltration capacity (VIC) model [29] , and (4) the MOSAIC LSM (MOS) [30] . Each product has a monthly time step and a spatial resolution of 1.0 • × 1.0 • . Firstly, we calculated the TWS from each model product of GLDAS1 to avoid the complex treatment of different soil depth in each model. Soil depth (the number of soil layers) for Noah, CLM, VIC and MOS was 2.0 m (4 layers), 3.433 m (10 layers), 1.9 m (3 layers), and 3.50 m (3 layers), respectively. Thus, CLM had the most sophisticated soil layer model compared with the others. The TWS derived from the multi-model GLDAS1 ensemble was calculated from each model-based TWS. Its ensemble spread (the maximum and minimum range) provides a measure of the uncertainty in the land surface models of the GLDAS1 products. GLDAS2, which currently uses only the Noah LSM and employs the Princeton meteorological forcing dataset [31] as the only source of forcing data, was corrected using the observation-based datasets of precipitation, air temperature, and radiation. Here, we applied a low-pass filter to the GLDAS1 and GLDAS2 data to truncate the spherical harmonic components at a degree and order of 60. Additionally, a Gaussian filter with a radius of 240 km was applied to the GLDAS1 and GLDAS2 data to adjust them to the same spatial resolution as the GRACE data.
In this study, we use evapotranspiration and precipitation data from GLDAS1 and GLDAS2 datasets.
River Flow Rate Data (R)
The flow rate data for the estuaries of three major pan-Arctic rivers (the Lena, Mackenzie, and Yukon Rivers) were used to analyze the basin-scale variations in TWS. For the Lena River, we used the observations provided by R-ArcticNet (developed and maintained by the University of New Hampshire) for 2002-2009 and by the AHYST.Lena dataset [32, 33] 
Theory
In this section, we outline the theoretical basis of our analysis. To evaluate the monthly TWS from the GRACE data, we use the water balance equation expressed by Suzuki et al. [12] :
where P is the monthly precipitation (mm month −1 ), E is the monthly evapotranspiration (mm month −1 ), R is the monthly river runoff from the basin (mm month −1 ), ∆SWE is the change in the snow water equivalent (mm month −1 ), ∆CS is the change in the total amount of water within the canopy (mm month −1 ), ∆SM is the change in the vertical accumulated soil moisture within the total soil layer (mm month −1 ), ∆GW is the change in the groundwater or ice within the permafrost (mm month −1 ), and ∆SW is the change in different surface water bodies (e.g., lakes, rivers, and wetlands; mm month −1 ). Hereafter, we refer to the TWS values determined using GRACE data as TWS GRACE .
The GLDAS-based TWS determination includes only ∆SWE, ∆CW, and ∆SM from Equation (1). Because ∆CW is a minor factor, the TWS determined from the GLDAS data depends primarily on ∆SWE and ∆SM. Hereafter, we refer to the TWS values determined from the GLDAS1 and GLDAS2 products as TWS GLDAS1 and TWS GLDAS2 , respectively, and the P and E values determined from GLDAS1 and GLDAS2 are accordingly referred to as P GLDAS1 , P GLDAS2 , E GLDAS1 , and E GLDAS2 .
Analysis

TWS Changes Across the Arctic Circumpolar Tundra Region
We analyzed the temporal variations of TWS (i.e., from GRACE, GLDAS1, and GLDAS2) from 2002 to 2016 along with other variables (i.e., the temperature, precipitation, and evapotranspiration) for the entire ACTR. First, we examined the consistency among the TWS estimates from the GRACE, GLDAS1, and GLDAS2 datasets based on the coefficients of determination (R 2 ) and differences in linear trends. Second, we analyzed the possible mechanisms for the changes in the mean annual TWS of the ACTR by comparing the TWS estimates against other hydrological and climate components. Note that the mean annual TWS is simply the average of available monthly TWS data over all possible years because some monthly TWS data were missing from the overall dataset as shown in Section 2.2.1. However, the mean annual TWS could not be calculated for 2002 because of insufficient data (less than nine months). We also analyzed the spatial variations in the linear TWS trends to identify the consistencies among the linear trends of TWS GRACE and various hydro-meteorological factors (precipitation and evapotranspiration) from the GLDAS1-and GLDAS2-based products.
Statistical analyses were conducted using nonparametric methods based on the approach by Ichii et al. [34] because these technique do not require an assumption of normality in variance, and are more robust against anomalous outliers. The slopes of the trends were calculated based on the Theil-Sen slope [35] . To test the significance of the trend, we used the Mann-Kendall trend test [36] . In addition, all correlation analyses were based on Kendall's rank-correlation coefficients (Kendall's τ) [36] . All statistical tests that were conducted had a significance level of p < 0.05.
TWS Changes Among the Three River Basins
Similar to the analysis performed for the ACTR in Section 2.4.1, we analyzed the temporal variations of all variables from 2002 to 2016 among the three river basins. We also used the river runoff data to explore the relationship between TWS and river runoff. Based on previous work [12, 37, 38] , we hypothesize that the conditions during autumn and winter will affect river runoff in the subsequent year. To test this hypothesis, we calculated the correlations between the TWS values from July of one year and those from June of the following year along with those for the annual river runoff using available data. We calculated the monthly lag correlation coefficient (r LAG ) for the annual river runoff data between 2002 and 2011 for the Lena River. We also calculated r LAG between 2002 and 2015 for the Mackenzie River using monthly TWS averages from September to December and annual river runoff estimates from the subsequent year as well as monthly TWS estimates from January to May and annual river runoff values for the same year.
All statistical analyses were based on the same approach described in Section 2.4.1. Figure 2a illustrates the temporal variations in monthly TWS estimates averaged across the ACTR from GRACE, GLDAS1, and GLDAS2 datasets. From 2002 to 2016, the GRACE, GLDAS1, and GLDAS2 TWS datasets exhibited negative trends of −1.8 mm y −1 (τ = −0.11, p = 0.0340), −5.1 mm y −1 (τ = −0.25, p < 0.0001), and −1.6 mm y −1 (τ = −0.06, p = 0.2382), respectively. TWS GRACE and TWS GLDAS2 show the best agreement in linear trends (τ = 073, p < 0.0001), despite the larger seasonal amplitude in TWS GLDAS2 due to a larger winter TWS. These rates of decline exceed the uncertainty of −0.9 mm y −1 associated with TWS GRACE ; thus, confirm the ability of the GRACE-based TWS data to reflect temporal trends in the ACTR.
Results
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Results
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The mean annual TWS is plotted in Figure 2b for all years except 2002 when insufficient data were available (less than nine months). In these smoothed datasets, TWS GRACE was more strongly correlated with TWS GLDAS2 (τ = 0.52, p = 0.0098) than with TWS GLDAS1 (τ = 0.45, p = 0.0264). TWS GRACE , TWS GLDAS1 , and TWS GLDAS2 decreased by −1.2 mm y −1 (τ = −0.45, p = 0.0375), −4.5 mm y −1 (τ = −0.71, p = 0.0005), and −1.3 mm y −1 (τ = −0.34, p = 0.1005), respectively. Thus, the long-term trends observed in the mean annual TWS GRACE were consistent with those observed in TWS GLDAS2. Overall, these TSW data showed a decrease throughout the ACTR between 2002 and 2016, thereby providing evidence that hydrological changes are not only limited in the downstream of the Lena River basin, as reported in [12] but also are expanding throughout the whole ACTR.
Precipitation, Evapotranspiration, and Air Temperature from GLDAS
We present the monthly air temperature (T a ), precipitation (P), and evapotranspiration (E) derived from the GLDAS1 and GLDAS2 datasets and assess their effects on the mean annual TWS GRACE (Figure 3) . The 2-m air temperatures in the ACTR from the GLDAS1 data were very close to those calculated from the GLDAS2 data ( Figure 3a , τ = 0.96, p < 0.0001). However, GLDAS2 produced p-values that are consistently higher than GLDAS1 (the bias (GLDAS1 − GLDAS2) = −11.4 mm month −1 , τ = 0.77, p < 0.0001), while the inter-annual variability in E produced from GLDAS1 was larger than that observed from GLDAS2 (Figure 3c , τ = 0.95, p < 0.0001) owing to the higher (lower) E values in summer (winter). However, these differences cancel out when we calculate the all-term-averaged bias and are within the range of uncertainty associated with the various LSMs, as indicated by vertical red bars in Figure 3c . 
TWSGRACE versus Ta, P, and E
To identify the possible forcing mechanisms of the mean annual TWS in the ACTR, we compared the mean annual TWSGRACE (Figure 2b ) with the mean annual and summer (JJA) 2-m air temperature (Figure 4a and 4b, respectively) , the mean annual P (Figure 4c) , and the values of E (Figure 4d ). While there was no discernible trend in the mean annual temperature throughout the ACTR during this period, the JJA mean air temperature increased by approximately 0.13 °C y −1 (τ = 0.68, p = 0.0005) for GLDAS1 and 0.12°C y −1 (τ = 0.66, p = 0.0008) for GLDAS2. However, no discernible trends were observed in P despite a slight decrease between 2005 and 2013. Figure 2b .
Thus, evapotranspiration driven by increasing summer temperatures may be the primary factor controlling TWSGRACE. This suggests that future warming might further decrease the TWS at high latitudes in the Arctic circumpolar region.
Regional Trends in TWS, P, and E
Here, we consider the regional trends in the mean annual TWS, P, and E from both GLDAS1 and GLDAS2. Figure 5a shows the spatial distribution of the trends in the annual TWS from 2002 to 2016 across the ACTR. There is an evident regional variation throughout the ACTR and a declining TWS in the high Arctic near the Lena River basin. The trends shown in Figure 5a are statistically significant (p < 0.05). Higher correlation coefficients are observed in North American Continent. A significant negative trend in TWS is mainly observed along the Gulf of Alaska and the Northwestern Territory in Canada. Meanwhile, the negative trends in TWS in the Eurasian Continent were weaker than those in the North American Continent. The GLDAS1-and GLDAS2-based E increased steadily from 2002 to 2016 with slopes of approximately 4.1 mm y −1 for E GLDAS1 (τ = 0.66, p = 0.0008) and 1.2 mm y −1 for E GLDAS2 (τ = 0.49, p = 0.0133). The increase in E from either GLDAS dataset can explain most of the decrease in TWS GRACE shown in Figure 2b .
Thus, evapotranspiration driven by increasing summer temperatures may be the primary factor controlling TWS GRACE . This suggests that future warming might further decrease the TWS at high latitudes in the Arctic circumpolar region.
Here, we consider the regional trends in the mean annual TWS, P, and E from both GLDAS1 and GLDAS2. Figure 5a shows the spatial distribution of the trends in the annual TWS from 2002 to 2016 across the ACTR. There is an evident regional variation throughout the ACTR and a declining TWS in the high Arctic near the Lena River basin. The trends shown in Figure 5a are statistically significant (p < 0.05). Higher correlation coefficients are observed in North American Continent. A significant negative trend in TWS is mainly observed along the Gulf of Alaska and the Northwestern Territory in Canada. Meanwhile, the negative trends in TWS in the Eurasian Continent were weaker than those in the North American Continent.
To further understand these regional trends across the ACTR, we examined the distributions of E and P using the mean annual datasets from GLDAS1 and GLDAS2 (Figure 5b ,c and Supplementary Figure S1a,b) . The spatial variations in P GLDAS1 and P GLDAS2 and in E GLDAS1 and E GLDAS2 can be explained by the differences in the forcing data and in land surface models in GLDAS1 and GLDAS2. Table 2 lists the correlation coefficients between the linear trends of TWS GRACE with the P and E estimates from both GLDAS1 and GLDAS2 in regions where TWS GRACE either increased or decreased (Figure 5a ). The results are further differentiated according to the magnitude of the increase or decrease in TWS GRACE , namely, values from 0 mm y −1 and values of greater than or equal to 0 mm y −1 . The reasonable correlation coefficients are observed between TWS GRACE and E for both GLDAS1 and GLDAS2. This confirms that E dominates the spatial distribution of TWS GRACE . To further understand these regional trends across the ACTR, we examined the distributions of E and P using the mean annual datasets from GLDAS1 and GLDAS2 (Figure 5b Table 2 lists the correlation coefficients between the linear trends of TWSGRACE with the P and E estimates from both GLDAS1 and GLDAS2 in regions where TWSGRACE either increased or decreased (Figure 5a ). The results are further differentiated according to the magnitude of the increase or decrease in TWSGRACE, namely, values from 0 mm y −1 and values of greater than or equal to 0 mm y −1 . The reasonable correlation coefficients are observed between TWSGRACE and E for both GLDAS1 and GLDAS2. This confirms that E dominates the spatial distribution of TWSGRACE. Table 2 . Spatial correlation coefficients of the regional linear trends between TWSGRACE and P or E. N denotes sample number. Table 2 . Spatial correlation coefficients of the regional linear trends between TWS GRACE and P or E. N denotes sample number.
Relationship of Linear Trends Linear Trend in TWSGRACE is
Relationship of Linear Trends Linear Trend in TWS GRACE
Is Positive (≥0 mm y −1 ) N = 316
Linear Trend in TWS GRACE Is Negative (<0 mm y −1 ) N = 234
Negative correlations are observed between TWS GRACE and P. Thus, P does not explain TWS variations. This relationship is similar to the ACTR-averaged results in Figure 4 . Similarly, P GLDAS2 and E GLDAS2 are more strongly correlated with TWS GRACE than P GLDAS1 and E GLDAS1 .
Overall, these results suggest that changes in E throughout the ACTR are the primary driver of TWS GRACE variations from 2002 to 2016. In addition, the GLDAS1-based TWS, P, and E products exhibit poor correlations with the GRACE-based TWS. Thus, in the following sections, we use GLDAS2-based products only.
Whole Basin-Scale Variabilities in the TWS for Three Arctic Rivers
Here, we present the TWS dataset for the Lena, Yukon, and Mackenzie rivers and assess the variability in TWS in relation to river runoff rates and other parameters.
Temporal Variations
To evaluate the impacts of river runoff on three of the largest Arctic catchments, we analyzed the entire basin-scale changes in monthly TWS from 2002 to 2016 for the Lena, Yukon, and Mackenzie River Basins (Figure 6a-c) . No significant trend is evident in either the Lena or Mackenzie rivers, while a negative trend in the TWS GRACE is observed in the Yukon River basin.
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The mean annual TWS is plotted in Figure 6d -e for all years except 2002 when insufficient data were available (less than nine months). Although annual mean values of TWSGRACE and TWSGLDAS2 in the Lena and Mackenzie River basins did not show any trends as well as monthly datasets, annual mean TWSGRACE in the Yukon River basin decreased by about −13 mm y −1 (τ = −0.45, p < 0.0001), while the annual mean TWSGLDAS2 had no decreasing trend. Thus, the long-term trends observed in the mean annual TWSGRACE in the Yukon were not consistent with those observed in TWSGLDAS2. However, the To understand the temporal variations in TWS GRACE using GLDAS2-based products, we compared TWS GRACE to TWS GLDAS2 . The τ and p-values between TWS GRACE and TWS GLDAS2 were for the Lena River (τ = 0.65, p < 0.0001), Yukon River (τ = 0.52, p < 0.0001), and Mackenzie River (τ = 0.60, p < 0.0001) basins. We found statically significant correlation between TWS GRACE to TWS GLDAS2 . Therefore, in order to understand TWS variations in each basin, we can use each hydrological component from GLDAS2 for the following analysis.
The mean annual TWS is plotted in Figure 6d -e for all years except 2002 when insufficient data were available (less than nine months). Although annual mean values of TWS GRACE and TWS GLDAS2 in the Lena and Mackenzie River basins did not show any trends as well as monthly datasets, annual mean TWS GRACE in the Yukon River basin decreased by about −13 mm y −1 (τ = −0.45, p < 0.0001), while the annual mean TWS GLDAS2 had no decreasing trend. Thus, the long-term trends observed in the mean annual TWS GRACE in the Yukon were not consistent with those observed in TWS GLDAS2. However, the p-value between TWS GRACE and TWS GLDAS2 for the Yukon was 0.039, and indicated a statistically significant correlation. Figure 7 shows the temporal variations in the monthly basin-averaged precipitation (P GLDAS2 ) and river runoff rates of each river basin. The maximum monthly P occurred in July for the Lena and Mackenzie River basins (Figure 7a,c) and in June or July for the Yukon River basin (Figure 7b ). The Lena River exhibits the largest amount of river runoff (R), followed by the Yukon River and the Mackenzie River. The peak value of R occurred in June for all three rivers. Using monthly climatology of river runoff data, the peak snowmelt occurs between April and June, accounting for approximately 40%, 36%, and 28% of the annual R in the Lena River, Yukon River, and Mackenzie River basins, respectively. (Figure 7b) . The Lena River exhibits the largest amount of river runoff (R), followed by the Yukon River and the Mackenzie River. The peak value of R occurred in June for all three rivers. Using monthly climatology of river runoff data, the peak snowmelt occurs between April and June, accounting for approximately 40%, 36%, and 28% of the annual R in the Lena River, Yukon River, and Mackenzie River basins, respectively. In terms of the whole basin-scale analysis, we used the same units for the TWS, R, and E. The TWS is the annual mean, and P and E are the annual integration. Thus, these variations have the same order of magnitude. The comparison of R with TWS among the three river basins reveals strong positive correlations for the Lena River and Mackenzie River basins but no significant correlation for In terms of the whole basin-scale analysis, we used the same units for the TWS, R, and E. The TWS is the annual mean, and P and E are the annual integration. Thus, these variations have the same order of magnitude. The comparison of R with TWS among the three river basins reveals strong positive correlations for the Lena River and Mackenzie River basins but no significant correlation for the Yukon River basin, where TWS was sensitive to the changes in E GLDAS2 (Figure 8 ). This confirms E as a driving factor in the decline in TWS in the Yukon River catchment. Here, we consider only the GLDAS2-based E data because of the greater consistency between the GLDAS2 and GRACE products. 
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Hydrological Changes in the Tundra Throughout the ACTR
Through our results, the GRACE-based TWS record shows a clear decrease in the TWS throughout the ACTR and that the JJA air temperature increased. The previous GRACE-based TWS trends in eastern Siberia [21] and in the three largest Siberian river basins (i.e., the Lena, Yenisey, and Ob River basins) [39] all showed positive trends using shorter data periods (e.g., 5 or 8 years) than the present study. In addition, Huang et al. [11] showed that the aridity of most of the Artic region, including eastern Siberia and the North American continent, will increase in this century using data from the CMIP5. Our results, which indicated decreasing trends of the TWS in eastern Siberia and the North American continent, correspond to those of Huang et al. [11] . Furthermore, using the CMIP5 dataset, Cook et al. [40] demonstrated that the expansion of dry areas can be attributed to globally widespread increases in the potential evapotranspiration while the spatial heterogeneous response of the precipitation can be used to define the drying and wetting patterns over the global land surface. Their conclusions confirm our results, i.e., that the TWS in the ACTR is driven by increasing evapotranspiration. Although Boike et al. [41] reported no warming trends over an island in the Lena Delta from the summer of 1998 to the summer of 2011, they showed that the warmest summer occurred in 2010 Thus, we propose that the TWS in the ACTR is driven by increasing summer air temperatures and evapotranspiration. Some previous studies [42, 43] showed that aridity of the land could be related to atmospheric warming. An increase in the aridity throughout the ACTR might accelerate the warming air temperature trend in the Arctic. Overall, our results have implications for understanding future trends in the TWS, which could be expected to continue to decline as the Arctic continues to warm due to climate change.
Whole Basin-Scale Hydrological Changes
Except for the Yukon River, we found a clear relationship between the TWS anomalies and river runoff. Walvoord and Kurylyk [15] showed that continuous permafrost prevents infiltration into the deeper soil layer while some of the subsurface water in discontinuous permafrost regions is connected to the groundwater and will thus increase the subsurface flow. Thus, all of the TWS accumulated during autumn and winter increases the amount of R in the Lena River Basin; however, continuous permafrost is scarce in the Mackenzie River basin, and most of the TWS can cause subsurface flow and change the TWS during a winter. Overall, as the continuous permafrost distribution decreases, the response of river runoff to precipitation will be accelerated and the role of the TWS as a climate record will be diminished. Next, we discuss the possible causes for the GRACE-based TWS trend in the Yukon River basin. The Yukon River basin is located in a transition zone from continuous to discontinuous permafrost and is mostly underlain by an unstable discontinuous permafrost zone. Just as we found a strong negative trend in the GRACE-based TWS in the Yukon River basin, Nitze et al. [13] showed a net lake area loss of 2.8% in Alaska. The abundance of disappearing lakes in the discontinuous permafrost regions of Central Alaska [44] has been linked to an increased connectivity to the groundwater supply [45] . Permafrost degradation or disappearance along the continuous-discontinuous permafrost interface could represent a good explanation for the strong decreasing TWS trend in the Yukon River basin. The low correlation coefficient between TWS GRACE and TWS GLDAS2 can be explained by permafrost degradation. Several research investigations [44, 46] showed that an increased evapotranspiration was responsible for observed lake area losses in central Alaska and the Yukon Flats. Those research results correspond well with our findings of a high correlation between the TWS and evapotranspiration and of no correlation between the TWS and river runoff in the Yukon River basin. Therefore, a negative trend in the GRACE-based TWS within the Yukon River basin and the low correlation coefficient between TWS GRACE and TWS GLDAS2 can be explained by permafrost degradation and evapotranspiration, although further research is needed to investigate the details of the TWS changes in the Yukon River basin. Overall, permafrost degradation and increased evapotranspiration in the Yukon River basin could have caused the decreasing GRACE-based TWS trend from 2002 to 2016 because of the unstable discontinuous permafrost distribution throughout most of the Yukon River basin.
Inconsistencies between GLDAS1 and GLDAS2
The main difference between GLDAS1 and GLDAS2 was due to the variation in forcing meteorological factors, as GLDAS2 employs the Princeton meteorological forcing dataset [29] . Our analyses demonstrated a greater consistency between TWS GRACE and the TWS GLDAS2 product than the TWS GLDAS1 data throughout the ACTR.
However, there are also significant differences between the GLDAS products. For example, the values of P in GLDAS2 exceed those in GLDAS1, although the air temperatures are consistent between the two products. Combined with the stronger spatial correlation coefficients between TWS GRACE and P GLDAS2 (Table 2) , we suggest that the GLDAS2 products are more suited for pan-Arctic hydrological analyses than GLDAS1. In addition, E GLDAS2 demonstrated a higher correlation with the spatial trends in the GRACE-based TWS. However, the linear trend in E GLDAS1 was much larger than that in E GLDAS2 with nearly ubiquitous negative trends over the ACTR. These results correspond with the results of Wang et al. [25] , who showed that E GLDAS1 overestimated the evapotranspiration relative to E GLDAS2 .
However, one drawback with regard to the current GLDAS2 product is that it is based solely on the Noah LSM; meanwhile, GLDAS1 uses multiple land surface models. This allows GLDAS1 to provide greater evaluations of model uncertainties. For instance, E GLDAS2 falls within the ensemble spread of E GLDAS1 despite the different forcing data of GLDAS1 and GLDAS2. In addition, we found that the GLDAS1-based TWS using a sophisticated LSM (e.g., the CLM) had a much higher correlation with the GRACE-based TWS than that using a simple LSM utilizing a single-layer snow and vegetation model (e.g., the Noah LSM). Thus, the ensemble spread of the GLDAS1-based product reflects some parameter uncertainties in the LSMs. Moreover, the GLDAS1-based product using a sophisticated LSM could correspond more effectively to the GRACE-based TWS.
Conclusions
We present a record of the GRACE-derived TWS in the Arctic circumpolar tundra region (ACTR) and in the three largest pan-Arctic river basins from April 2002 to December 2016. Using the multi-model ensemble of reanalyzed data from GLDAS1 and the newly developed reanalyzed data from GLDAS2, including other key parameters such as T a , P, and E, we find the following conclusions:
1.
The negative trend in the TWS throughout the ACTR was primarily driven by evapotranspiration. Meanwhile, precipitation has a minor impact on the TWS. 2.
In terms of regional changes in the TWS, a large and significant negative trend in the TWS can be observed mainly over the North American continent, including the region along the Gulf of Alaska and the Northwestern Territory of Canada. Meanwhile, the negative trends in the TWS over the Eurasian continent were weaker than those over the North American continent.
3.
The comparison of R with TWS among the three river basins reveals strong positive correlations for the Lena River and Mackenzie River basins, but no significant correlation for the Yukon River basin, where TWS was sensitive to the changes in E GLDAS2 . This confirms E as a driving factor in the decline in TWS, even on the scale of the whole basin.
4.
The TWS among the three river basins was further controlled by the presence of continuous permafrost. For example, the autumnal TWS in the Lena River Basin (which exhibits continuous permafrost) persisted through the spring of the following year. However, no such effect was observed in the Mackenzie River catchment, which is partially covered in both continuous permafrost and discontinuous permafrost.
5.
The GLDAS2-based products corresponded better with the spatiotemporal variability in TWSGRACE than the GLDAS1-based products. GLDAS2 is likely more suitable for analyzing hydrological changes in Arctic regions than GLDAS1.
To improve our understanding of the Arctic freshwater cycle, additional GRACE data regarding river runoff is required. In particular, the TWS GRACE data in the Yukon River clearly indicated a negative trend in our analysis, and the data were not affected by river runoff. Although this corroborates the negative TWS trends as strongly related to evapotranspiration throughout the ACTR and in the Yukon River Basin, the mechanism for this is still unknown and should represent the focus of future research. Overall, we assume that the negative trend of TWS could be expected to continue in the future due to further warming conditions during the summer season at high latitudes, leading to substantial reductions in the TWS throughout the Arctic.
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